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. Glioblastoma (GBM) is a highly
aggressive brain tumor with poor prognosis.
Previous studies have applied weighted gene
co-expression network analysis (WGCNA)
and proteomic analyses separately to explore
gene expression and protein networks.

. Several dysregulated genes and
pathways have been implicated in GBM
progression, but consistent hub genes
across transcriptomic and proteomic levels
remain unclear.

. This study integrates WGCNA
with proteomic analysis across multiple
datasets, identifying ALDH2, ARRB1,
and TPRG1L as common hub genes
consistently downregulated in GBM.

. It highlights novel gene—protein
interactions (e.g., FGG and SUCLG2 linked
to ALDH2/ARRBT), providing potential
biomarkers and therapeutic targets for
GBM diagnosis and treatment.

Background: Glioblastoma (GBM) is the most aggressive primary
brain tumor with a poor prognosis and limited effective therapeutic
options. This study aimed to identify key genes and proteins
involved in GBM progression and recurrence using integrated
weighted gene co-expression network analysis (WGCNA) and
proteomic analyses.

Methods: Raw data from nine datasets (GSE100675, GSE111260,
GSE90598, GSES58399, GSES0161, GSE4290, GSE108474,
GSE134470, and GSE103227) were used for WGCNA of GBM
versus control, and the series matrix of GSE62153 was used for
WGCNA of Recurrence versus Primary GBM. Transcriptomic data
were analyzed in R software (version 4.x) using the limma, sva, and
WGCNA packages. Differentially expressed genes (DEGs) were
identified using the moderated ¢ test with Benjamini—Hochberg
False Discovery Rate (FDR) correction (adjusted P<0.05). Common
genes between the selected modules and DEGs were identified.
Proteomic data (ProteomeXchange PXD035867) were analyzed
using MaxQuant and Perseus, and group comparisons were
performed using the two-sample Student’s ¢ test with FDR=0.05.
Enrichment analyses determined shared pathways. All datasets
were retrieved from public databases up to 2023, and the study was
conducted as a bioinformatics analysis.

Results: Three WGCNA modules (turquoise, blue, and magenta)
were identified in the GBM versus control (G/C) comparison,
whereas a single module (blue) was identified in the recurrent
versus primary GBMs (R/PG) comparison. The common genes
between DEGs (G/C), DEGs (R/PG), WGCNA (G/C), and WGCNA
(R/PG) (blue module) were aldehyde dehydrogenase 2 (ALDH?2),
arrestin beta 1 (ARRBI), and tumor protein p63 regulated 1-like
(TPRGIL). DEG analysis demonstrated that ARRBI, ALDH?2, and
TPRGIL genes were downregulated in GBM compared to controls.
Proteomic analysis identified three clusters, with fibrinogen
gamma chain (FGG) and succinate-CoA ligase GDP-forming beta
subunit (SUCLG?2) as proteins related to ALDH2 and ARRBI.
Conclusion: Integrated transcriptomic and proteomic analyses
identified ALDH2, ARRBI, and TPRGIL as key genes associated
with glioblastoma progression, suggesting that these molecules
may serve as potential biomarkers or therapeutic targets for GBM.
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Introduction

Glioblastoma (GBM) is the most common
malignant primary human brain tumor and the
most aggressive tumor among brain tumors.
The incidence rate of GBM is 3.2 cases per
100,000 population.? Due to the very poor
prognosis of this cancer, most patients die within
1 year of diagnosis.® Genetic, epigenetic, and
microenvironmental factors contribute to the
marked heterogeneity of GBM, which represents
a major challenge to effective treatment and a
key driver of therapeutic failure. of therapeutic
failure.* GBMs tend to recur at the initial site
of presentation. Recurrence is frequently
observed in patients treated postoperatively
with radiotherapy or radiotherapy combined with
chemotherapy.®

Bioinformatics tools have been widely used
to study cancer progression mechanisms with
the advent of high-throughput technologies such
as gene chips and RNA sequencing. Weighted
gene col_lexpression network analysis (WGCNA)
is an analytical method for discovering
relationships among gene networks across
multiple samples. It integrates highly correlated
genes into the same module and associates
modules with clinical traits.® Thus, WGCNA is
very helpful in identifying candidate biomarkers
and is a commonly used method in tumor-related
research, including GBM.”

Proteomics is a powerful approach for
analyzing gene expression profiles of thousands
of genes simultaneously and gaining insights
into protein function and regulation under
different conditions.® These technologies are
complementary and, in combination, lead to a
better understanding of the regulatory events
involved in tumorigenesis.

Therefore, the present study aimed to identify
common key genes between WGCNA modules
and DEGs in GBM versus control and recurrent
versus primary GBM, and to integrate these
findings with proteomic data to reveal critical
pathways involved in GBM progression.

Materials and Methods

All datasets were retrieved from publicly available
databases up to 2023, and the study was conducted
as a bioinformatics and proteomics analysis. The
flowchart of the bioinformatics methods used in
this study is presented in figure 1.

Differentially Expressed Genes (DEG) Screening

Raw data from nine datasets (GSE100675,
GSE111260, GSE90598, GSE58399, GSE50161,
GSE4290, GSE108474, GSE134470, and

Iran J Med Sci

ALDH2, ARRB1, and TPRG1L are hub genes in glioblastoma

GSE103227) and the series matrix of GSE62153
were downloaded from the Gene Expression
Omnibus (GEO) database. Detailed information
on the GEO datasets and corresponding
platforms is presented in table 1.

In the GSE100675 dataset, expression
profiles of IncRNAs and mRNAs were obtained
from three glioblastoma multiforme (GBM)
tissues, three paired non-tumor tissues, and
three normal brain tissues. The GSE111260
dataset includes genome-wide expression data
of three normal brain and 67 glioma samples.
The GSE90598 dataset consisted of 16 fresh-
frozen GBM samples, seven healthy brain
tissues, and two cell lines.® These datasets were
processed using the oligo package.

The GSE58399 dataset included 105
GBM cases, while GSE50161 provided gene
expression profiles from 130 surgical tumor
and normal brain samples." In the GSE4290
dataset, gene expression data from 23 non-
tumor epilepsy samples and 157 tumor samples
(26 astrocytomas, 50 oligodendrogliomas, and
81 GBMs) were available; only GBM and non-
tumor samples were included in this study.’? The
GSE108474 dataset comprised 550 samples,
including 28 normal samples, 221 GBM,
148 astrocytomas, 67 oligodendrogliomas,
and samples with unknown histology.”® The
GSE134470 dataset contained 58 samples
derived from human GBM patients, cell lines,
tumor samples, and normal human brain RNA."
These datasets were processed and normalized
using the affy package with the Robust Multi-
array Average (RMA) algorithm.

The GSE103227 dataset, an Agilent single-
channel array, provided expression profiles
of 26109 mRNAs and 30586 IncRNAs from
five GBM samples and five normal brain
samples.” This dataset was preprocessed using
background correction and quantile normalization
implemented in the limma R package.'®

Annotation files were downloaded from the
GEO database and the Gemma platform. The
datasets were then merged and preprocessed
to identify differentially expressed genes
(DEGs) between GBM and control samples.
Batch effects were removed using the ComBat
function from the sva package, and genes with
low expression intensity were filtered using
the genefilter package. DEGs were defined as
genes with an adjusted P <0.05 and |log2 fold
change (logFC)| >0.2.

For the analysis of primary versus recurrent
GBM, the GSE62153 dataset, including 43 GBM
patients (25 primary and 18 recurrent cases),
was used.” Annotation data were obtained
from the illuminaHumanv4.db  package.”®
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Figure 1: The flowchart illustrates the overall study design and analytical workflow.
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Table 1: Information about the Gene Expression Omnibus datasets used for GBM tumor and control samples and for primary

and recurrent GBM samples

Datasets Number of samples Platforms
Selected/total Tumor (GB) Control (Single channel)
GSE100675 9/9 3 6 GPL17586 (Affymetrix)
GSE111260 44/70 41 3 GPL5175 (Affymetrix)
GSE90598 23/25 16 7 GPL17692 (Affymetrix)
GSE58399 105/105 105 0 GPL6244 (Affymetrix)
GSE50161 47/130 34 13 GPL570 (Affymetrix)
GSE4290 44/180 77 23 GPL570 (Affymetrix)
GSE108474 249/550 221 28 GPL570 (Affymetrix)
GSE134470 7/58 5) 2 GPL6244 (Affymetrix)
GSE103227 10/10 5 5 GPL16956 (Agilent)
Total=594 samples
Dataset Recurrence Primary GBM (PG) Platforms
GSE62153 (series matrix) 18 25 GPL10558 (lllumina)

Total=43 samples

Log2 transformation, normalization, and DEG
analysis were performed using the limma package
(The R Foundation for Statistical Computing,
Vienna, Austria),” and volcano plots were
generated using the EnhancedVolcano package
(The R Foundation for Statistical Computing,
Vienna, Austria).

WGCNA

WGCNA was performed to identify modules
containing genes with the highest co-expression
correlations. The aforementioned GSE datasets
were used for WGCNA to identify modules
associated with primary GBM and recurrent
GBM (GSE62153) as well as GBM tumors versus
Control samples (GSE100675, GSE111260,
GSE90598, GSE58399, GSE50161, GSE4290,
GSE108474, GSE134470 and GSE103227).
The R WGCNA package was used to perform
the analysis of the dataset.?® In this study, we
reduced the datasets to relevant genes by
selecting probes with a coefficient of variation
(CV) greater than 5%. The B parameter, used
as a soft thresholding power in WGCNA,
strengthens strong correlations while penalizing
weak correlations. The Scale Free Topology
(SFT) property was used to determine the
appropriate B value.?' Based on the selected
B values, the topological overlap matrix (TOM)
and hierarchical clustering dendrograms were
constructed to detecte gene modules. We
restricted module detection to a minimum module
size of 30 genes, and modules with high similarity
were merged. Finally, hub genes were identified
using the chooseTopHublnEachModule function
of the WGCNA package.

Common Genes between DEGs and the
Modules of WGCNA

The identified DEGs were screened using
a threshold of fold change (FC)|> 0.2 and 1.5
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and an adjusted P value (false discovery rate,
FDR)<0.05. Subsequently, the intersection
between DEGs and WGCNA modules related
to primary GBM versus recurrent GBM and
GBM versus control was performed to identify
common genes. The “VennDiagram” web tool
was used to identify overlapping genes (https:/
bioinformatics.psb.ugent.be/webtools/Venn/).

To validate our transcriptomic findings, an
independent dataset of GBM and normal brain
samples was analyzed using the GEPIA2 web tool
(http://gepia2.cancer-pku.cn/). GEPIA2 provides
RNA-seq expression data from TCGA and GTEx
projects, allowing comparison of gene expression
levels between tumor and normal. Boxplots
were generated to visualize the distribution of
expression of selected genes, and statistical
significance between groups was assessed using
the default test implemented in GEPIA2.

Selection of Differentially Expressed Proteins

Protein expression data for GBM were
collected from the ProteomeXchange database
(PXD035867) and the PRIDE dataset, using
label-free  quantification  (LFQ).2  Protein
identification and quantification were performed
using MaxQuant software with the Andromeda
search engine.?? To reduce false-positive
identifications, the Target-Decoy strategy
was applied, and peptides and proteins were
identified ata False Discovery Rate (FDR) of 0.01.
For protein digestion, the trypsin enzyme was
selected with a maximum of two missed cleavage
sites. Methionine oxidation and N-terminal
acetylation were set as variable modifications,
while cysteine-carbamidomethylation was set as
a fixed modification. The “match between runs”
option was enabled to reduce missing values
across samples.

To assess the quality of the MaxQuant output,
the data were further analyzed using Perseus
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software.? Proteins identified by reverse FASTA
sequences, with FDR >0.05, or originating from
non-human organisms were excluded. The data
were then log2(X)-transformed to normalize the
intensity values and convertthem to a logarithmic
scale. Rows were then filtered to remove missing
values (NaN), and proteins with fewer than three
intensities were excluded from further analysis.
Statistical analysis was performed in Perseus
using a two-sample test, with a permutation-
based false discovery rate (FDR) threshold of
0.05 for identification of differentially expressed
proteins (DEPs). Principal component analysis
(PCA) and hierarchical clustering were also
performed using Perseus. The resulting
generic matrix generic matrix was exported for
downstream analysis of the identified DEPs.

Enrichment Analysis

Enrichment Analysis of WGCNA Modules:
After module detection, functional enrichment
analysis was conducted to identify the biological
processes (BP), molecular function (MF), and
cellular components (CC) associated with the
genes in each module. The g:Profiler database
was used to identify significantly enriched
biological categories.?*

Enrichment analysis of DEPs: Gene

a) b)

ontology analysis was performed at the levels
of biological process, molecular function,
and cellular component to identify pathways
associated with the identified DEPs. In addition,
the ClueGO plugin in Cytoscape was used
for pathway enrichment analysis. Protein-
protein interaction and network analyses were
performed using the CluePedia Cytoscape
plugin (version 5.2.2; INSERM, Paris, France).
Edges were filtered using a threshold of 0.6,
and interactions of inhibition, binding, action,
and post-translational modification (PTM) types
were considered. Nodes with the highest degree
were selected as hub proteins.

Results of DEGs

We obtained 11902 genes after merging
the nine datasets related to GBM patients and
controls (GSE100675, GSE111260, GSE90598,
GSE58399, GSE50161, GSE4290, GSE108474,
GSE134470 and GSE103227). After filtering,
9996 genes remained, of which 162 genes were
significantly differentially expressed, including
24 upregulated and 138 downregulated genes.
The effectiveness of batch effect removal using
the ComBat function is illustrated in figure 2.

groups
@ Contr
@ Glio

<) L)

PC2
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*  GSE100675
GSE103227
GSE108474
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Figure 2: This figure illustrates the effect of the ComBat function on batch correction of the transcriptomic data. (a, c) illustrate
the distribution of transcriptomic data before batch effect correction, whereas (b, d) illustrate the distribution after correction|

using the ComBat function.
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In the GSE62153 dataset (primary GBMs
vs. recurrent GBMs), a total of 20909 genes
were analyzed. After normalization and DEG
analysis, 12,946 genes remained, of which 183
genes were identified as significant, including
145 upregulated and 38 downregulated genes.
Subsequent analyses revealed that ARRB1,
ALDH2, and TPRG1L were common genes
between DEGs and WGCNA results.

The DEG analysis demonstrated that ARRB1,
ALDH2, and TPRG1L were downregulated in
GBM patients compared with controls, whereas
their expression levels were upregulated in
recurrent GBMs compared with primary GBMs.

As shown in figure 3, volcano plots were
constructed for both DEG analyses. The
expression levels of ARRB1, ALDH2, and
TPRG1L were downregulated in GBM patients
compared with controls (figure 3a), while these
genes were upregulated in recurrent GBMs
compared with primary GBMs (figure 3b). To
validate the expression of ARRB71 and ALDH?2,
an independent dataset including 163 GBM
and 207 normal brain samples from GEPIA2
was analyzed (figure 3c). Both ARRB1 and
ALDH2 were significantly downregulated in
GBM compared with normal tissue (P<0.05),
confirming our previous transcriptomic findings
(figure 3c).

Receiver operating characteristic (ROC)
curve analysis of ARRB1, ALDH2, and TPRG1L

a)

Volcano plot
Glioblastoma vs control

b) Log, fold change

Volcano plot
Recurrence vs Primary Glioblastomas

ecoe

total genes = 12046

p-value
p—value and log, FC

ALDH2, ARRB1, and TPRG1L are hub genes in glioblastoma

in the GBM versus control comparison was
performed using the GSE108474 dataset,
which had the largest sample size among the
nine datasets. The area under the curve (AUC)
values for ARRB1, ALDH?2, and TPRG1L were
0.92, 0.77, and 0.93, respectively (figures 4a-c).
These results suggest that ARRB7 and TPRG1L
may serve as potential diagnostic biomarkers
for GBM. In addition, the ROC curve of these
genes in the primary versus recurrent GBM
comparison showed AUC values greater than
0.7, indicating good diagnostic performance
(figures 4d—f).

Results of WGCNA

The 11,902 genes obtained from the merged
GBM patients versus control datasets and 20,909
genes from the GSE62153 dataset (primary
GBMs vs. recurrent GBMs) were independently
subjected to WGCNA. Hierarchical -cluster
analysis of samples and trait heatmaps was
performed for each group, and the results are
shown in figure 5. To achieve a scale-free
topology with R?=0.9, a soft-thresholding power
(B) of 5 was selected for the GBM versus control
datasets (figures 6a and 6b), whereas =7 was
selected for the primary GBMs versus recurrent
GBMs dataset (figures 6¢ and 6d). These
parameters were used for subsequent network
construction. Hierarchical clustering trees were
then constructed to identify gene modules.
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Figure 3: This figure presents volcano plots illustrating differentially expressed genes (DEGs) and the expression patterns off
common genes. (a) illustrates the DEGs between GBM and control samples, highlighting the downregulation of ARRB1, ALDH?2,
and TPRG1L in GBM. (b) illustrates the DEGs between primary and recurrent GBM samples, showing that ARRB1, ALDH2, and

TPRG1L are upregulated in recurrent GBM relative to primary GBM. (c) presents a boxplot comparing the expression levels of]

ARRB1 and ALDHZ2 between GBM (n=163) and normal brain tissue (n=207).
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Figure 4: Receiver operating characteristic (ROC) curve analysis of the common genes ARRB1, ALDH2, and TPRG1L. (a—c)

illustrate the diagnostic performance of ARRB1, ALDH2, and TPRG1L, respectively, for distinguishing GBM samples from
control samples in the GSE108474 dataset. (d—f) illustrate the receiver operating characteristic (ROC) curves of ARRB1,
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Figure 6: The soft-thresholding power (B8) for WGCNA analysis is determined using the scale-free topology criterion (R? =
0.9). (a) and (b) The analysis for GBM versus control samples, where a power of =5 was selected; (c) and (d) the analysis fo

primary versus recurrent GBM samples, where a power of 3=7 was selected. These 3 values were used to construct hierarchical

clustering trees for module detection in subsequent analyses.

As shown in figure 7, 10 modules were
identified in the WGCNA of GBM versus control
datasets, while 14 modules were detected in
the WGCNA of the GSE62153 dataset (primary
GBMs vs. recurrent GBMs). Among these, three
modules (turquoise, blue, and magenta) from the
GBM versus control analysis and one module
(blue) from the primary versus recurrent GBM
analysis were selected for further investigation.
Module membership is illustrated in figure 8.

The hub genes identified in the WGCNA
G/C were BSN (turquoise module), KIF14 (blue
module), and SP7110 (magenta module). In
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addition, SEMA4D was identified as the hub
gene of the blue module in the WGCNA R/PG.

Results of Enrichment Analysis of WGCNA
Modules

Functional enrichment analysis of the
WGCNA G/C modules indicated that genes in
the turquoise module were primarily associated
with “monoatomic ion transmembrane transporter
activity” (molecular function [MF]), “multicellular
organism development” (biological process [BP]),
and “synapse” (cellular component [CC]), showing
the smallest enrichment P value (figure 9a).
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Figure 8: Membership of selected WGCNA modules was used for further analysis. (a-c) Three modules (turquoise, blue, and
magenta) were selected from the GBM versus control analysis (G/C), and (d) one module (blue) was selected from the primaryj

versus recurrent GBM analysis (R/PG). The figure shows the genes included in each of these selected modules.

Genes in the blue module of WGCNA G/C “defense response to virus”, and “cytosol” in the
were enriched in “DNA binding” (MF), “DNA (MF), (BP), and (CC), respectively (figure 9c).
metabolic process” (BP), and “chromosome” Enrichment analysis of genes of the blue module
(CC) (figure 9b). Similarly, genes in the of the WGCNA R/PG indicated associations with
magenta module of WGCNA G/C were mainly “protein binding” (MF), “neurogenesis” (BP), and
associated with “double-stranded RNA binding”, “cell periphery” (CC) (figure 9d).
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Figure 9: Functional enrichment analysis of genes in selected WGCNA modules is depicted. (a) Enrichment of the turquoise
module from GBM versus control (G/C) samples, (b) enrichment of the blue module from G/C samples, (c) enrichment of the|
magenta module from G/C samples, and (d) enrichment of the blue module from primary versus recurrent GBM (R/PG) samples.

Figure 10: Identified common genes between WGCNA modules and DEGs are represented. (a) and (b) The overlap of genes|
from DEGs (G/C and R/PG) with the blue and turquoise WGCNA modules, respectively, highlighting the common genes
identified; and (c) the intersection for the magenta WGCNA module, where no common genes were found.

Results of Common Genes between WGCNA
and DEGs

Intersection analysis was performed among
DEGs from GBM patients versus control (G/C),
DEGs from primary GBMs versus recurrent
GBMs (R/PG), WGCNA modules from GBM
versus control (G/C), and the blue module
from primary versus recurrent GBM WGCNA
(R/PG). ALDH2, ARRB1, and TPRG1L were
identified as common genes shared between
DEGs G/C, DEGs R/PG, WGCNA G/C (blue
and turquoise modules), and WGCNA R/PG
(blue module) (figures 10a and 10b). However,
no overlapping genes were identified when
intersecting the magenta module of WGCNA
G/C, WGCNA R/PG, and the mentioned DEGs
(Figure 10c).
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Results of DEPs

Sample quality assessment using principal
component analysis (PCA) demonstrated clear
separation among groups (figure 11a). In addition,
hierarchical clustering heatmap analysis revealed
three distinct protein expression clusters (Figure 11b).
Cluster1 consisted of proteins upregulated
in the recurrence group but downregulated
in the primary and control groups. Cluster 2
included proteins upregulated in the control
group but downregulated in both primary and
recurrent groups. Cluster 3 comprised proteins
upregulated in the primary and control groups
but downregulated in the recurrence group.

Based on protein-protein interaction network
analysis, the top 10 hub proteins were identified
for each cluster. In Cluster 1, SNU13, RPS2,
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Figure 11: Proteomic analysis of GBM samples is illustrated. (a) The principal component analysis (PCA) used to assess the
quality and distribution of recurrence, primary, and control samples; (b) a heatmap clustering proteins with similar expression|
patterns. Three clusters were identified based on protein expression patterns. Cluster 1 contained proteins that were upregulated

in the recurrence group. Cluster 2 contained proteins that were upregulated in the control group. Cluster 3 contained proteins|
that were upregulated in both the primary and control groups.
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Figure 12: Enrichment analysis and protein-protein interaction of Cluster 1 are depicted. (a) The expression of the top 10 hub|
proteins identified from network analysis across recurrence, primary, and control groups; (b) the pathway enrichment of these

proteins; and (c) the gene ontology analysis including biological process, molecular function, and cellular component for the
hub proteins.
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RPS14, RBM8A, MAGOHB, RPS13, GPAAT,
PIGT, SUCLG2, and LAMB1 proteins were
increased in the recurrence group compared
with the primary and control groups (figure 12a).
Pathway enrichment analysis revealed that
these proteins were mainly involved in “SRP-
dependent co-translational protein targeting
to membrane”, “Protein folding”, “Protein
processing”, “Collagen formation”, “Processing
of Capped intron-containing Pre-mRNA”, and
“Signaling by RHO-GTPase” (figure 12b). Gene
ontology (GO) analysis of the proteins of cluster 1
indicated enrichment in “cytoplasmic translation”
(BP), “cell adhesion molecule binding” (MF), and
“cytosolic ribosome” (CC) (figure 12c).

In Cluster 2, the 10 hub DEPs included
SKP1, FBX02, FGG, RBCK1, PRDX6, UNC13D,
CYB5R3, VAT1, MAP2K2, and HSPA2 were
increased in the control group compared with
primary and recurrent groups (figure 13a).
Pathway analysis showed enrichment in
“Glutathione conjugation”, “Negative Regulation
of apoptotic Signaling”, “Regulation of Actin
Cytoskeleton”, and “Signaling RHO GTPase”
(figure 13b). GO analysis indicated associations
with  “Positive  regulation of membrane

ALDH2, ARRB1, and TPRG1L are hub genes in glioblastoma

permeability” (BP) and “ADP binding”,
“Oxidoreductase activity” (MF) (figure 13c).

In Cluster 3, VAMP1, HSPAS8, MAOKI1,
DNAJC6, DNM1,ITSN1, SYNJ1, AP2M1, DNM3,
and SH3GL2 DEPs were increased in primary
and control groups compared with the recurrence
group (figure 14a). These proteins were enriched
in pathways related to “Synaptic Vesicle Cycle”,
“Carbon Metabolism”, “Membrane Trafficking”,
“Retrograde endocannabinoid Signaling”, and
“Opioid Signaling” (figure 14b). GO analysis
demonstrated enrichment in “Vesicle- mediated
transport” (BP), “Cytoskeletal protein binding”
(MF), and related to “vesicle” (CC) (figure 14c).

In the present study, we performed an integrative
transcriptomic and proteomic analysis to identify
key genes, proteins, and molecular pathways
associated with GBM development and
recurrence. By combining differential expression
analysis, weighted gene  co-expression
network analysis (WGCNA), and proteomic
profiling, we identified ALDH2, ARRB1, and
TPRG1L as common genes associated
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Figure 13: Enrichment analysis and protein—protein interaction of cluster 2 is presented. (a) The expression of the top 10 hub
differentially expressed proteins identified by network analysis across recurrence, primary, and control groups; (b) The pathwa

enrichment analysis of these hub proteins; and (c) The gene ontology analysis, including biological process and molecula

unction, for the proteins in cluster 2.
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Figure 14: Enrichment analysis and protein—protein interaction of Cluster 3 are depicted. (a) The expression of the top 10 hub
differentially expressed proteins identified by network analysis across recurrence, primary, and control groups; (b) The pathway
lenrichment analysis of these hub proteins; and (c) The gene ontology analysis, including biological process, molecular function,

and cellular component, for the proteins in cluster 3.

with both GBM progression and recurrence.
In addition, proteomic analysis revealed three
distinct protein clusters and highlighted several
biological processes and molecular functions
potentially involved in GBM pathogenesis.
Validation using an independent dataset
confirmed the downregulation of ARRB1 and
ALDH?2 in GBM tissues compared with normal
brain tissues. To our knowledge, few studies
have integrated transcriptomic and proteomic
data  while  simultaneously investigating
genes associated with both GBM occurrence
and recurrence. Therefore, our study helps
address this knowledge gap and provides a
comprehensive overview of the molecular
alterations underlying GBM progression.
Because no publicly available dataset
simultaneously included primary GBM, recurrent
GBM, and control samples, we analyzed these
groups separately. Nine datasets were used to
investigate genes associated with GBM versus
control samples, whereas one dataset was
used to evaluate recurrent versus primary GBM.
The integration of DEGs and WGCNA results
enabled the identification of ALDH2, ARRBI1,
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and TPRGI1L as key genes potentially involved
in GBM biology. These findings suggest that
ALDH?2 and ARRB1, in particular, may serve as
promising biomarkers for GBM diagnosis and
progression.

A previous study reported that ALDHs
influenced the tumor cell cycle, epithelial-
mesenchymal transition, and infiltration of
immunocytes.?> Moreover, our constructed
prognostic model, a nomogram based on risk
score and glioma type, could precisely predict
overall survival outcome, indicating its potential
clinical application value.

ALDHs are a family of 19 isozymes involved in
oxidizing endogenous and exogenous aldehydes
to carboxylic acids. ALDHs are dysregulated
in diseases such as Alzheimer's disease,
Parkinson’s disease, and solid tumors.2¢ Notably,
in solid tumors (including GBM), ALDHs maintain
a stem-cell-like phenotype, driving aggressive
clinical progression. ALDH3B1 and ALDH16A1,
two main contributors to the scoring system,
affect GBM cell proliferation and migration
by inducing cell-cycle arrest and promoting
epithelial-mesenchymal transition (EMT).?®
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However, ALDH1A7isrelatedto GBM proliferation
and migration.?” ALDH2 plays a critical role in
safeguarding cells against acetaldehyde toxicity
and is closely linked to human metabolism.?®
ALDH2 expression levels were analyzed in all 33
cancer types from the TCGA database and the
Genotype-Tissue Expression (GTEXx) database.
The results showed that ALDH2 expression was
decreased in GBM.?*® Another study reported
that the expression level of this gene was higher
in low-grade glioma.*

The association of the ARRB71 gene with
GBM was found in some studies, and it was
reported that this gene in GBM has potential
significance for therapeutic strategies targeting
GBM through NK1R (Tachykinin receptor
neurokinin-1).3" The expression level of ARRB1
mRNA was lower in 17 tumor tissues, including
GBM, compared to normal tissues according to
datasets from the TCGA database.®? Another
study also reported that both mRNA and
protein levels of ARRB1 were reduced in glioma
cell lines. Immunohistochemistry data also
demonstrated that ARRB1 expression in glioma
tissues was decreased compared to peritumoral

brain tissue. Notably, ARRB1 expression
was more significantly reduced in stage IlI-IV
gliomas than in stage I-ll gliomas. Reduced

ARRB1 expression could serve as a biomarker
to evaluate clinical and pathological features and
predict prognosis in glioma patients.* However,
the association of TPRG1L with GBM has not
been investigated in previous studies.

Moreover, in the DEP analysis step, we found
three clusters that were differentially expressed
in the three groups (primary, recurrence, and
control); then, 10 hub genes in each cluster were
introduced.

Contrary to expectations, we did not find any
common genes between the transcriptomics
and proteomics analyses. This lack of
concordance between mRNA and protein
levels has been widely reported and can be
explained by multiple biological and technical
factors. mMRNA expression does not necessarily
correlate with protein abundance due to post-
transcriptional  regulation, differences in
mRNA stability, translational efficiency, and
protein degradation rates. In addition, post-
translational modifications and protein turnover
may alter protein abundance independently
of mRNA levels.®* Technical factors such as
differences in detection sensitivity, dynamic
range, and sample heterogeneity between
RNA-seq and proteomics platforms may also
contribute to this discrepancy. Therefore, the
absence of shared genes between RNA and
protein datasets reflects the complexity of gene
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regulation in GBM. On the other hand, the gene
ontology analysis of the hub proteins in each
cluster and the genes of WGCNA modules
showed that there are some common molecular
functions and biological processes between
the hub proteins and the genes of modules.
For instance, “cell adhesion molecule binding”
in the molecular function (MF) category of
Clustert and “Cytoskeletal protein binding”,
“Inorganic cation transmembrane”, and “lon
channel regulator activity” in the MF category of
Cluster 3 are also enriched in the MF category
of WGCNA R/PG (blue module) or in WGCNA
G/C (turquoise modules). As well, “response
to wounding”, “blood vessel morphogenesis”
and “cell-substrate adhesion” in the biological
process (BP) category of Cluster 1, and
“Regulation of transport”, “Cell projection
organization”, “Nervous system development”,
“Response to organonitrogen compound’,
“Chemical synaptic transmission”, and “Vesicle-
mediated transport” in the BP category of
Cluster 3 are also enriched in the BP category
of WGCNA R/PG (blue module) or in WGCNA
G/C (turquoise modules) biological process.
The stroma within solid tumors exhibits
cellular phenotypes and signaling pathways
associated with wound healing, leading to the
intriguing concept that a tumor behaves like a
wound that never heals. Some shared features
between tumors and healing wounds include

fibroblast recruitment, extracellular matrix
(ECM) deposition, immune cell infiltration,
neovascularization, and cellular plasticity.3®

On the other hand, although wound healing is
essential for tissue repair, it can also contribute
to GBM progression.

Blood vessel formation and remodeling
are crucial for GBM growth and progression.
Indeed, GBM is known for its high angiogenic
activity. The extensive growth of blood vessels
(angiogenesis) plays a crucial role in tumor
progression and invasion. These newly formed
blood vessels supply nutrients and oxygen to
the rapidly dividing tumor cells, allowing them
to thrive and infiltrate surrounding brain tissue.
Understanding angiogenesis in GBM is essential
for developing targeted therapies to disrupt this
process and improve patient outcomes.*®

Altered cell-substrate interactions may
impact GBM invasion and metastasis.>” GBM
often affects the nervous system, and aberrant
neural development could impact prognosis.3®
However, GBM’s impact on synaptic transmission
could influence cognitive function and overall
prognosis.3®

A limitation of this study is that all analyses
were conducted using publicly available
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datasets without independent experimental
validation. Future studies are needed to confirm
the functional roles of the identified genes and
proteins and to explore their clinical utility.

Conclusion

ALDHZ2, ARRB1, and TPRG1L were identified as
critical genes associated with GBM development
and recurrence. In addition, several shared
biological processes and molecular functions,
including cell adhesion molecule binding,
cytoskeletal protein binding, and ion channel
regulator activity, were implicated in GBM
progression. These findings provide new insights
into the molecular mechanisms underlying
GBM and may contribute to the identification
of potential biomarkers and therapeutic targets.
Further studies are required to validate these
findings experimentally and to assess their
clinical applicability in patients with GBM.
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